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AHOTAIIISA

Bonkosa B.E. CenTumeHT aHasi3 OHJIaH-KOHTEHTY: Ha MPUKJIA/1l aHTJIOMOBHUX (1IbMIB.

Po6oTy npucBsiueHO JOCTIIKEHHIO aITOPUTMIB CEHTUMEHT aHalli3y Ta Cy4yacHUX 3ac001B
aBTOMAaTH30BaHOT OOPOOKM TECTIB ISl BUSBICHHS TOJOBHHUX OCOOJIMBOCTEH CTPYKTypHU Ta
TOHAJILHOCTI (TO3UTUBHOCTI ajIb0O HETaTUBHOCTI) OHJIANH pereH31i (iabMIB pI3HHUX JKaHPIB.
[Tin yac HamucaHHS poOOTH OYJO PO3MISIHYTO 0a30Bl TMOHATTS CEHTUMEHT aHami3y,
MpoaHaTizoBaHl HANUOUIBII MOIMYJISPHI AITOPUTMU CEHTUMEHT aHali3y, a TaKoXK JOCTYIHI
OHJIAliH MpoTpaMul IS MPOBEACHHS CEHTHUMEHT aHaii3y. B mpakTtuuyHeil yacTuHI poOOTH
JOCTI/PKEHO MOJIeNIb MAaITMHHOTO HaBUYaHHS HEHPOHHOI MeEpeki, a TaKoXX OTpHUMaHi
pe3yJIbTaTH aHaI3y CEHTUMEHT OOpaHuX pereH31i (huIbMIB.

KirodoBi cioBa: OHJIAWH-KOHTEHT, CECHTUMEHT aHaji3, pereHsii (uIbMiB, aHTJIOMOBHI
TEKCTH, aHaJI13 TEKCTIB.



ABSTRACT

Volkova V.E. Sentiment analysis of online content: on the application of English films.

The work is devoted to the study of sentiment analysis algorithms and modern automated
tools for text processing to identify the main features in the structure and tonality (positive
and negative) of online films reviews of various genres. The work explore the basic concepts
of sentiment analysis, analyzed popular sentiment analysis algorithms, as well as available
online programs for sentiment analysis. In the practical part of the work, the neural network
machine learning model was studied, and the results of sentiment analysis of selected film
reviews were obtained.

Keywords: online content, sentiment analysis, film reviews, English text, text analysis.



